The aim of the paper is to apply the Environmental Kuznets Curve (EKC) model in order to explore the link between economic complexity index (ECI) and carbon emissions, in 25 selected European Union (EU) countries from 1995-2017. The study examines a cointegrating polynomial regression (CPR) for a panel data framework as well as for simple time series of individual countries. In the model is also included the variable 'energy intensity' as main determinant of carbon emissions. Depending on economic complexity, the CO 2 emissions pattern was found to exhibit an inverted U-shaped curve: in the initial phase, pollution increases when countries augment the complexity of the products they export using and after a turning point the rise of economic complexity suppress the pollutant emissions. The panel cointegration test indicates a long-run relationship between economic complexity, energy intensity and carbon emissions. It was also found that a rise of 10% of energy intensity would lead to a 3.9% increase in CO 2 emissions. The quadratic model incorporating ECI is validated for the whole panel as well as for six countries (Belgium, France, Italy, Finland, Sweden and the United Kingdom). The graphical representation of the EKC in these countries is discussed. Policy implications are also included.
In the framework of a low-carbon economy, exploring the efficiency of carbon emissions (ratio of inputs to desirable and undesirable outputs) becomes more important. Recent studies explore the role of natural resources abundance as driving factor, among others (e.g., industrial structure) [39, 40] of efficiency of carbon emissions. A negative correlation between resources abundance, carbon abatement potential (the excess in undesirable outputs) and carbon emissions efficiency) is identified in the Chinese provinces, and industrial structure plays an important role in emission reduction and improvement of carbon emissions efficiency [39] .
Another important issue related to both pollution and economic complexity is green investment, defined by Eyraud et al., 2003 [41] as: (i) investment in renewable technologies (i.e., hydroelectric projects), (ii) selected energy-efficient technologies and (iii) research and development (R&D) in green technologies. Several economic and policy factors (e.g., industry structure, population, GDP, trade openness, energy mix, carbon markets) and channels (e.g., regulations, public appeal) may stimulate or hinder the promotion and return of such investment in economy (i.e., [42] ).
The contributions to the existing literature of the present paper are the following. First, the effects of economic complexity on environmental sustainability are rarely discussed in the energy-economics literature (only two papers were identified). Second, to the best of the author's knowledge, a quadratic dependency of environmental pollution on economic complexity was never investigated before in the literature, meaning in fact the replacement of the variable "income" with "economic complexity" in the EKC approach. Third, the model of cointegrating polynomial regression is tested within a panel data framework and also in 25 individual countries.
The rest of the paper is structured as follows. Section 2 describes materials and methods; Section 3 provides the results; Section 4 includes the discussion of results and Section 5 outlines conclusions and policy implications.
Materials and Methods

Econometric Framework of EKC-A Short Literature Review
The Environmental Kuznets Curve (EKC) hypothesis postulates an inverted U-shaped relationship between economic development or income (proxied by GDP per capita) and pollution. As income increases, pollution increases until it reaches a turning point and then declines [43] . The term of EKC originates from the work of Kuznets (1955) [44] who revealed an inverted U-shaped relationship between the level of economic development and the income inequality. Inspired by the seminal paper of Grossman and Krueger (1995) [45] , an impressive amount of studies have performed econometrical analyses regarding the pollution dependency on per capita income.
Panel data techniques were used to analyse the link between environmental degradation and economic growth (e.g., [46] [47] [48] [49] ). Due to the impossibility to suggest policy implications for single countries [50] , the attention was focused on the analysis of time series for individual economies (e.g., the Netherlands, West Germany, the UK and USA [51] ; Spain [52] ; China [53] ; Canada [54] ; Pakistan [55] ; Malaysia [56] ; Vietnam [57] ; India and Croatia [58] ; Croatia [59] ).
The majority of studies have examined the relationship between CO 2 emissions and income levels (e.g., [48, [60] [61] [62] ). Some studies attempted to reveal potential determinants of CO 2 emissions, such as: energy consumption and urbanization [62] , industrial structure [63] , technological progress [64] , foreign trade [65] . Recent studies explore other dependent variables, such as: energy intensity [66] or material use (e.g., [67] ).
Many of these studies use unit root and cointegration techniques for powers of logGDP per capita as regressors. As revealed by Müller-Fürstenberger and Wagner (2007) [68] , Wagner (2008) [69] , Wagner (2015) [70] , Wagner and Hong (2016) [71] the main problems of these models are related to: (a) that the powers of an integrated process, included in a nonlinear function, are not themselves integrated process; (b) neglecting the cross-sectional dependence in panel data, and (c) neglecting the characteristics of errors (stationarity and variance ratio). If variables are integrated but stochastically Sustainability 2019, 11, 4753 5 of 27 independent, it is possible to result a "spurious regression problem" when they are regressed on each other. To obtain meaningful regression results, it is necessary that variables are cointegrated [68] . According to Wagner (2015) [70] , Wagner and Hong (2016) [71] and Stypka et al. (2017) [72] using estimation and inference developed for linear cointegration regression for EKC estimation may overlay the evidence in support of EKC hypothesis validation. Wagner and Hong (2016) [71] introduced the "cointegrating polynomial regression" (CPR), meaning a regression that include as explanatory variables deterministic variables, integrated processes and integer of integrated processes. In the case of such regression, the errors' process is assumed to be stationary and following an ergodic martingale difference sequence and the regressors are allowed to be endogenous. The martingale theory framework of Ibragimov and Phillips (2008) [73] was used by Wagner and Hong (2016) [71] in order to test the errors' dynamics, namely if they behaviour as martingale (i.e., a sequence of random variables for which at a given time, the conditional expectation of the next value in the sequence, given all prior values, is equal to the present value).
In their work, Wagner and Hong (2016) [71] extended the fully modified estimator of [74] , from cointegrating regression to cointegrating polymonial regression and conceived a fully modified ordinary least squares (FMOLS) estimator with a zero-mean Gaussian mixture allowing for standard asymptotic inference. The study of noticeable progress in CPRs was made in further papers. Wagner and Grabarczyk (2016) [75] presented estimation and inference techniques for systems of seemingly unrelated cointegrating polynomial regressions and introduces two fully modified-type estimators and Wald-type hypothesis test based on them. The estimators were tested for seven early-industrialised countries in order to analyze the EKC for CO 2 emissions. Furthermore, Frondel, Grabarczyk and Wagner (2016) [76] developed an integrated modified OLS (IM-OLS) estimator for cointegrating polynomial regression based on Vogelsang and Wagner (2014) [77] . This estimator allows for asymptotically standard inference when using consistent estimators of the long variance. The method was applied to test the EKC for CO 2 emissions over the period from 1870-2009 in 18 early-industrialised countries. Based on results of Wagner and Hong (2016) [71] and Wagner and Grabarczyk (2016) [75] , a recent paper of Wagner et al. (2019) [78] extends the estimation and inference results for CPR from the single equation to a general seemingly unrelated regression (SUR) context and develop two fully modified OLS (FMOLS) type estimators, namely seemingly unrelated cointegrating polynomial regressions (SUCPRs). In addition, to permit errors serial correlation and regressors endogeneity, the dynamic cross-sectional correlation via both errors and regressors is allowed. The zero-mean Gaussian mixture limiting distributions of the two estimators form the basis for asymptotic standard inference. The estimators were tested in the analysis of EKC of CO 2 emissions for six industrialized countries.
The present paper uses also a cointegrating polynomial regression (CPR) which is estimated with standard fully modified ordinary least squares (FMOLS) and dynamic ordinary least squares (DOLS) models in a heterogeneous panel data framework as well as for simple time series, with supplementary tests regarding regressors cointegration and errors' stationarity and variance ratio.
Model and Data
The present paper follows the quadratic model largely used in the EKC literature [48, 55, 56, [79] [80] [81] [82] [83] [84] . The EKC model is based on the following nonlinear Equation (1):
(1)
where EP denotes environmental pollution, Y is the income, Y 2 is the squared income, and Z denotes other factors of pollution. An adapted form of Equation (1) is the following:
Sustainability 2019, 11, 4753 6 of 27 In Equation (2) the following notations are used: CO 2 means carbon emissions (in thousand tonnes, ECI represents the Economic Complexity Index, and EI is the energy intensity of GDP (in kg oil equivalent per thousand euro)). The statistical indicator EI refers to the full spectrum of energy types used in the final consumption. The variable "Energy Intensity" is included also in the model due to the fact that reduction of environmental pollution requires improvements in industrial structure and technological levels [85] [86] [87] [88] which will correspond to a decrease of energy intensity. As an indicator assessing the efficiency of comprehensive energy use in a country, energy intensity was less used in the EKC modeling and, as suggested by Wang et al. (2016) [89] , the control of pollution starts with energy intensity decrease.
The study uses a panel of 25 countries from 1995-2017, for a total number of 575 observations. The selection of countries is based on the availability of data. We selected from EUROSTAT database times series of CO 2 emissions [90] , energy intensity [91] and GDP [92] Descriptive statistics of the considered variables are provided in Table 1 . 
Statistical Analysis of Economic Complexity Index (ECI)
The values of ECI range from 0.093 (Greece) to 2.474 (Germany) in the examined period of time. We notice a group of 11 countries (Germany, Sweden, Finland, Austria, United Kingdom, France, Spain, Denmark, Belgium, Italy and Netherlands), where ECI decreases continuously from 1995 to 2017. The sharpest declines (in 2017 compared to 1995) were registered in Netherlands (27%) and Denmark (25%) and the smallest in Italy (7.2%). These are the most prosperous and largest export economies in the European Union and even in the world. For example, Germany is the 2nd largest exporter in the world and the 3rd most complex economy; Sweden, Finland and Austria are also among the ten most complex economies in the world in 2017 [93] . There is a group of four countries (Ireland, Slovakia, Czech Republic and Slovenia) where ECI ranges from 1.25 to 1.45 in 1995 and the increase of ECI is from 7-14% from 1995-2017. Another group of nine countries, with ECI values of 0.25 to 1 (Hungary, Croatia, Poland, Romania, Estonia, Bulgaria, Lithuania, Portugal and Lithuania), has a strong ascending trend. Portugal recorded the highest increase, with 158.23%, followed by Lithuania (149.70%), Latvia (139.94%), Romania (126.03%) and Estonia (107.11%). Moderate growth can be observed in Hungary (72.32%), Poland (71.76%), Bulgaria (70.40%) and Croatia (30.51%). Greece is a special case, with the lowest level of ECI in the examined period of time and a slight increase (of 11.80%) ( Figure 1 ). Based on the above assertions, a pattern of ECI dynamics could be identified: countries with higher income and higher start of ECI in 1995 (1.45-2.5) have a decreasing evolution. At a medium level of ECI (1.25-1.4), a slight increasing trend is noticed and when the values of ECI range from 0.25 to 1 the increasing trend is stronger, the growth being higher than in all cases.
According to Hausmann et al. (2011) [2] , economic complexity is related to a country's level of prosperity, it is not only a symptom of prosperity, it is a driver. Moreover, economic complexity can explain differences in the level of income of countries and can predict future economic growth. Figure 2 displays the graphical dependency between lnGDP and ECI in the sample of 25 EU economies (average values for 1995-2017). We notice that countries are spread on both sides of the regression line, illustrating the positive correlation between the two variables. The correlation between lnGDP and ECI is positive and strong to moderate in the time span 1995 to 2017 (Figure 3a ,b). In 1995, the correlation coefficient of lnGDP and ECI is 0.56, higher than in 2017 when it is 0.38. This positive association between the two variables indicates us that ECI could be used instead of lnGDP in the EKC model. The correlation between lnGDP and ECI is positive and strong to moderate in the time span 1995 to 2017 (Figure 3 a,b). In 1995, the correlation coefficient of lnGDP and ECI is 0.56, higher than in 2017 when it is 0.38. This positive association between the two variables indicates us that ECI could be used instead of lnGDP in the EKC model. 
Econometric Specifications
Panel Data
Model
We adopt the following model (Equation (3)) to be tested:
β are elasticities of lnCO2 as regards to ECI, 2 ECI and respectively to EI and it μ is the error term. Given that ECI may follow an integrated process integrated of order one, the above relationship (3) is a cointegrating polynomial regression (CPR) if it μ is stationary [69] . Furthermore, given the panel nature of data, it is reasonable to believe that the error terms are heteroskedastic and cross-sectionally dependent.
The following situations are possible: (i) β > 0 specifies a U-shaped relationship between CO2 and ECI and (v) 1 β > 0 and 2 β < 0 expresses an inverted U-shaped relationship between CO2 and ECI. According to EKC hypothesis, we expect to obtain 1 β > 0 and 2 β < 0. The expected sign of 3 β is positive since energy intensity leads to higher pollution [50, 66, 94] . The methodology used in this paper consists of the following steps: (1) cross-sectional dependence is tested; (2) stationarity of variables is checked through panel unit root test; (3) the longrun relationship between variables is tested with the panel cointegration method; (4) if the cointegration is confirmed, the regression coefficients are estimated with panel fully modified ordinary least square (FMOLS) and dynamic ordinary least square (DOLS) methods and (5 
Econometric Specifications
Panel Data
Model
where t is a linear time trend, β 1i β 2i β 3i are elasticities of lnCO 2 as regards to ECI, ECI 2 and respectively to EI and µ it is the error term. Given that ECI may follow an integrated process integrated of order one, the above relationship (3) is a cointegrating polynomial regression (CPR) if µ it is stationary [69] . Furthermore, given the panel nature of data, it is reasonable to believe that the error terms are heteroskedastic and cross-sectionally dependent.
The following situations are possible: (i) β 1 = β 2 = 0 indicates that CO 2 is not related to ECI (ii) β 1 > 0 and β 2 = 0 refers to a monotonically increasing relationship between CO 2 and ECI, (iii) β 1 < 0 and β 2 = 0 reflects a monotonically decreasing relationship between CO 2 and ECI, (iv) β 1 < 0 and β 2 > 0 specifies a U-shaped relationship between CO 2 and ECI and (v) β 1 > 0 and β 2 < 0 expresses an inverted U-shaped relationship between CO 2 and ECI. According to EKC hypothesis, we expect to obtain β 1 > 0 and β 2 < 0. The expected sign of β 3 is positive since energy intensity leads to higher pollution [50, 66, 94] .
The methodology used in this paper consists of the following steps: (1) cross-sectional dependence is tested; (2) stationarity of variables is checked through panel unit root test; (3) the long-run relationship between variables is tested with the panel cointegration method; (4) if the cointegration is confirmed, the regression coefficients are estimated with panel fully modified ordinary least square (FMOLS) and dynamic ordinary least square (DOLS) methods and (5) stationarity, cross-sectional dependence (as suggested by Müller-Fürstenberger and Wagner, 2007) [68] and ratio variance of errors is tested.
Cross-Sectional Dependence
Due to the nature of a panel including 25 EU countries, we may believe that cross-sectional dependence is possible, as a result of the EU membership the EU common policies.
We will test the cross-sectional dependence through the following tests: Breusch-Pagan LM (1980) [95] , Pesaran scaled LM and Pesaran CD (2004) [96] .
Based on Pesaran's (2004) [96] assertion, the null hypothesis of no cross-sectional dependence implies that the correlation of disturbances between different cross-sections (countries) is zero, while the alternative states that this correlation is different from zero. According to the Breusch-Pagan (1980) [95] Lagrange Multiplier (LM) test, the LM statistic calculates correlation coefficients obtained from residuals and chi-squared distribution, under a normality assumption of errors. Pesaran (2004) [96] proposed first a standardized version of LM statistic, the scaled LM, appropriate for large number of cross-sections. Furthermore, Pesaran (2004) [96] introduced, an alternative test, called CD statistic, based on the average of the pairwise correlation coefficients. In all cases, when applying these tests, the values of Prob under 0.05 will indicate the rejection of null hypothesis of no cross-section dependence.
Stationarity of Data
To check the stationarity of panel data series we use the tests introduced by Levin, Lin and Chu (LLC) (2002) [97] , Im, Pesaran and Shin (IPS) [98] and Maddala and Wu (1999) [99] .
In testing the stationarity of panel data, an autoregressive AR (1) process across sections is considered (Equation (4)):
where i denotes the cross-sections and t the time, y it is the dependent variable, x it represent the exogenous variables, ρ i is the vector of autoregressive coefficients and ε it represent the errors. If |ρ i | = 1, then y i contains a unit root. If ρ i = ρ, for all i, then the parameters are common across all cross-section. Under this assumption Levin, Lin and Chu (LLC) (2002) [97] introduced a unit root test based on the following Equation (5) .
According to Levin, Lin and Chu (LLC) [97] test, a common and identical unit root process can be identified across cross-sections. The panel unit root tests are based on Equation (5):
where α is common for all cross-sections and the lag order for difference terms p i may vary across cross-sections. The null hypothesis of the presence of the unit root is given by α = 0, while the alternative by α < 0. The test developed by Im, Pesaran and Shin (2003) [98] allows individual unit root processes, meaning that the parameters can vary across cross-sections and separate regression Equation (5) is conducted in each cross-section. The null hypothesis is the result of α = 0 for all 1, and respectively, the
The Fisher-ADF test proposed by Maddala and Wu (1999) [99] combines the p-values from unit root test for each cross-section. The test is given by Equation (6):
where χ 2 2n(d. f .) is the chi-square distribution with 2n degrees of freedom, n is the number of countries in the panel, p i is the p-value from the ADF unit root test for the section i.
Panel Cointegration Test
We use the panel cointegration test developed by Pedroni (1999 Pedroni ( , 2004 [100, 101] in order to find if the variables are cointegrated in the long run. Within this test, seven different test statistics are run. The null hypothesis of no cointegration (long-run) relationship can be rejected if the number of statistics with values of Prob under the selected significance level (1%, 5% or 10%) is at least 4 of 7. It means that a long-term relationship between the variables is identified.
Estimation of Long-Run Parameters
After identification of a long-run relationship, the cointegration coefficients will be estimated through the panel fully modified ordinary least squares (FMOLS) and the panel dynamic ordinary least squares (DOLS) methods developed by Pedroni (2001) [102, 103] .
The panel FMOLS Equations (7) and (8) are given by:
where y it is the dependent variable and x it denotes the independent variable, α it represents the constant effects, β is the long-term cointegration coefficient/vector. The panel FMOLS estimator is specified in Equation (9):
whereβ * FM is the FMOLS estimator applied to i-th section. The associated T-statistic (t * β * FM ) is calculated by Equation (10):
The panel DOLS method introduced by Pedroni [104] is specified by Equation (11):
This equation is estimated for each cross-section of the panel and then the cointegration coefficient for the overall panel is calculated as average of the DOLS coefficients for each section.
The panel DOLS estimator is calculated as in Equation (12):
The T-statistic follows as in Equation (13):
Errors Tests (Stationarity, Cross-Sectional Dependence and Variance Ratio)
We check the stationarity of errors with LLC (2002) and IPS (2003) tests. The cross-sectional dependence of residuals will be examined with Breusch-Pagan LM [95] , Pesaran and Pesaran CD [96] tests. For panel data series, the heterogeneous MacKinlay (1988, 1989) [104, 105] variance ratio test will be performed. It is a variance ratio test for homoskedastic and heteroskedastic random walks of errors, using the asymptotic normal distribution [104] or wild bootstrap [106] to evaluate statistical significance. MacKinlay (1988, 1989) [104, 105] assume that errors are independent and identically distributed (i.i.d) Gaussian with variance (the normality of errors is not strictly necessary), termed as homoskedastic random walk hypothesis. Alternatively, the heteroskedastic random walk hypothesis allows for conditional heteroskedasticity and dependence, termed as the martingale null. Under the assumption that cross-sections are independent, with cross-section heterogeneity of the processes, separate joint variance ratio tests are computed for each cross-section, then the p-values from cross-section are combined under the Fisher approach. When the joint combined Fisher test displays a value of Prob corresponding to the max|z| statistic above the statistical significance threshold (1% or 5%) this indicates the acceptance of the null hypothesis of a martingale sequence of errors. All tests will be run for both equations (FMOLS and DOLS).
Country Data
For individual country data, the following Equation (14) will be estimated:
Both FMOLS and DOLS equations will be estimated for each of 25 examined countries and the statistical validity of coefficients is inspected. For the cases where the coefficients are statistically validated for, at least 5% significance, the cointegrating polynomial regression with ECI and ECI 2 as regressors is estimated (Equation (15)).
The following steps are run: (1) the cointegration of regressors ECI and ECI 2 is tested; (2) the coefficients of FMOLS and DOLS regressions are estimated and their statistical validity is examined, and (3) stationarity of errors is verified, as well as their variance ratio. As suggested by Wagner (2015) [70] , in a cointegrating polynomial regression, the cointegration of regressors must be checked; the Johansen methodology (1991) [107] will be used in this view.
The FMOLS equation is based on Phillips and Hansen (1990) [108] estimator which employs semi-parametric correction to avoid the problems caused by the long-run correlation between the cointegrating equation and stochastic regressor innovation. The DOLS method involves augmenting the cointegrating regression with lags and leads of differenced regressors and results the orthogonality of error term to the stochastic regressor innovation [109, 110] .
For testing the errors stationarity, the Philips-Ouliaris (1990) [111] test is employed. It is a residual-based test for cointegration or a simple unit root test applied for residuals obtained from an OLS equation estimation. The null hypothesis of the presence of unit root in the residuals is rejected when the value of Prob is lower than the chosen significance threshold (1% or 5%), while the alternative states the stationarity of the residuals series.
The MacKinlay (1988, 1989) [104, 105] variance ratio test described above will be performed in order to explore the martingale feature of errors in each case, the interpretation of max|z| statistic being similar. Table 2 presents the results of cross-sectional independence test for the examined variables. As we can notice, the value of Prob is higher than 0.0000 only for two variables (ECI and ECI 2 ) for the Pesaran CD test. In other cases the value of Prob is 0.0000, leading us to reject the null hypothesis of cross-sectional independence and indicating the presence of cross-sectional dependence, as expected. Table 3 depicts the panel unit root test results. We notice that the series of variables at level value are not stationary, for all three tests, meaning that they are integrated at the first order for a 1% level of significance. 
Results
Results Based on Panel Data
Cross-Sectional Dependence Test
Panel Cointegration Results
Estimation of Long-Run Parameters
As we can notice in Table 5 , the cointegration coefficients are validated within the panel, for both (FMOLS and DOLS) estimations, for a 1% level of significance. A quadratic dependency between lnCO 2 and ECI in the long run is validated, indicating an inverted U-shaped curve. The coefficient of ECI is positive (0.552; 0.625) and of ECI 2 is negative (−0.124; −0.173). The effect of energy intensity (lnEI) is also positive and statistically significant on lnCO 2 ; for a rise of 10% of energy intensity, carbon emissions increase with 3.93% (FMOLS estimation), respectively 3.72% (DOLS estimation). 
Errors Test (Stationarity, Cross-Sectional Dependence and Variance Ratio)
As decided in the previous section, we check the stationarity of errors in order to obtain a validation of the polynomial regression. According to the results of the unit root tests (Table 6 ), the residuals of FMOLS and DOLS estimated equations follow a stationary trend for a 5% level of significance. Furthermore, when checking the errors' cross-correlation with Breusch-Pagan, Pesaran scaled LM and Pesaran CD tests, the results reveal the presence of cross-sectional dependence of residuals (the value of Prob is 0.000) ( Table 7 ). As one may notice from Table 8 , the null hypothesis of a martingale residual series is strongly rejected in the case of panel FMOLS equation (Prob is 0.0000) and accepted in for the panel DOLS estimator (Prob is above 5%). This means that error series follows a martingale sequence for DOLS equation, and the expected next value in the errors sequence is equal to the present value. We may conclude now that within the panel analysis, in the presence of cross-sectional dependence, the cointegrating polynomial regression is validated, according to the findings of Wagner and Hong (2016) [71] , and reflects the quadratic dependence of carbon emissions of economic complexity when the variable "energy intensity" is included.
Results Based on Country Data
As a result of regression coefficients estimation conducted for the 25 individual countries (see Appendix A), the quadratic model is validated only for ten countries: Belgium, Greece, Spain, France, Italy, Hungary, Slovenia, Finland, Sweden and the United Kingdom. In Belgium, France and Italy the coefficients for both FMOLS and DOLS equations are validated for 1% significance. For Hungary only the FMOLS estimation is validated for 1% significance and in Slovenia, only DOLS estimation can be validated for 5% significance. In Finland the coefficients of both estimators are validated and in Sweden, all coefficients are validated for 5% significance level.
As decided above, we test the cointegration of regressors (ECI and ECI 2 ) and estimate the cointegrating polynomial regression (15) for the ten countries (see Table 9 ). The first column displays the value of trace statistic of Johansen test. One may notice that in all cases, except Hungary, the values of trace statistic, displayed in the first column, indicate at least one cointegration relationship. We also notice from columns 2-7 that in only eight cases the coefficients of regressors (ECI and ECI 2 ) are statistically validated. In Belgium, Greece, France and Italy the coefficients of both equations (FMOLS and DOLS) are validated, in Spain, Finland and United Kingdom only those of FMOLS estimator and in Sweden for DOLS estimation. In the next step of testing stationarity of errors with Phillips-Ouliaris test (first column of Table 10 ), Greece, Spain, Hungary and Slovenia are excluded due to the values of tau statistic for 1% or 5 significance level. For the six remained countries (Belgium, France, Italy, Finland, Sweden and United Kingdom) the results of the variance ratio test for FMOLS and DOLS residuals (columns 2-5 of Table 10 ) indicate that the residuals have characteristics of a martingale sequence. According to Wagner and Hong (2016) , the conditions for the validation of a cointegrating polynomial regression in these six cases (cointegration of regressors, stationarity and martingale characterization of errors) are fulfilled. 
Discussion
The paper validates a model predicting a quadratic dynamics of carbon emissions depending on the economic complexity in a panel of 25 countries through a cointegrating polynomial regression, as defined by Wagner and Hong (2016) [71] . For the first time in the existing literature of EKC, the variable "income" as main determinant of pollution, was replaced by economic complexity in a panel data framework. The model is also tested for simple time series, in 25 individual economies.
The estimation results for the six validated cases (Belgium, France, Italy, Finland, Sweden and the United Kingdom) in Table 9 , are displayed graphically in Figures 4-9 . The (a) version shows the dots of lnCO 2 and ECI observations for 1995-2017. The (b) version is the graphical representation of the analytical estimated EKC model for each country. The graphics resulted through the inserting equidistantly spaced points from the sample range of ECI, with corresponding values of the trend, using the estimated coefficients.
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The case of Italy is very different from other countries; the curve is slightly shaped as an inverted U. Even if the negative coefficient of ECI 2 is the highest of all cases (−8.28), due to the negative value of the constant term) (−2.38) the ascending stage is short and the turning point is less noticeable due to a little bit long stage of stationary trend of lnCO 2 . When ECI becomes higher than 1.45, the downturn of lnCO 2 is more visible.
The estimated EKC curve for Finland is somehow similar to Belgium; the negative coefficient of ECI 2 has closed values (−2.41 in Belgium and −2.55 in Finland). The value of ECI corresponding to the curve's turning point is different: in Finland the carbon emissions start to decrease when ECI reaches values higher than 1.9 and in Belgium when ECI attained 1.4.
Sweden and the United Kingdom evolve both in an ascending stage. The case of Sweden expresses an ascending line, with a very slight sign of stagnation of pollution when ECI is higher than 2.2. The graph of the United Kingdom shows that the economy is positioned on the descending stage of the dependency of carbon emissions on ECI. A slight decreasing stage with a low rate can be noticed due to the reduced value of the ECI 2 's coefficient (1.82).
What do these six EU economies have in common? We discuss below country features related to possible factors and developments that may enable the decreasing stage of CO 2 curve, when suppression of emissions is possible with the advance of economic complexity.
The countries for which the EKC model with economic complexity as explanatory variable was been validated are developed EU Member States, with high levels of economic complexity index (above 1) in the period of 1995-2017.
The export products basket of these countries mainly includes: refined petroleum (the United Kingdom, Sweden, Italy, Denmark and Finland), packaged medicaments (France, Belgium, Italy, Sweden and the United Kingdom), kaolin coated paper (Finland and Sweden), planes/helicopters/aircraft (France and United Kingdom), cars and vehicle parts (the United Kingdom, Sweden, Italy, France and Finland) [93] . The structure of exports indicates a specific development of chemical (refined petroleum, medicaments, and paper), manufacture (cars, machinery) and high tech-sectors, which are based on energy-intensive activities. The highest shares of high technology products in total exports in 2017 were reached in: France (20%), the United Kingdom (18.1%), Sweden (11.9%) and Belgium (10.3%) [112] .
The competitiveness such products is based on high investments in R&D and human capital. According to EUROSTAT [113] the levels of R&D expenditures in these countries were in 2017 higher than the EU's average (2.06% of GDP) (i.e., 3.4% in Sweden, 2.76% in Finland, 2.58% in Belgium and 2.19% in France). The share of human resources in science and technology (as % of active population) is also above the 2017 EU's average of 46.6%: 58.6% Sweden, 57.7% Finland, 57% the United Kingdom, 54.3% Belgium and 50.8% France [114] .
They also massively invest in innovation activities related to energy production. For example, the public funding for Energy Technology Research, Development and Demonstration (ETRDD) (as ratio of GDP) is the highest of the EU in Finland, France, Belgium, Sweden, Italy and the United Kingdom [115] .
As a net importer of energy (coal, crude oil, oils products), Sweden has the highest share of renewable sources in the energy mix and an almost carbon-free electricity supply. It is integrated within the Nordic and Baltic electricity markets and developed a joint renewable certificate market with Norway, providing a unique model for other countries [116] . A similar situation of import dependency in Finland has driven to national targets of renewable sources to be set out above 50% for 2020s, the Finland's industry on second generation bio-fuels is leading globally and the renewable sources in manufacturing sector reached almost 40% in 2016 [115, 117] . France has a significant low-carbon electricity mix due to the key role of nuclear energy. Large investments in renewable energy and efficiency are planned while security of supply, low-carbon footprint and growth of renewable electricity are goals for the long-term [118] . Italy has made notable progress on renewable sources development, market liberalisation and infrastructure for electricity and also to become a southern European gas hub [119] . The participation of these countries to the EU STS scheme, a good platform of carbon market to electricity companies as assessed by Ji et al., 2019 [38] , could partially explain the abatement of carbon emissions in these countries.
The United Kingdom is leading by example, as regarding the low-carbon investments in various technologies, carbon capture and storage technologies and electricity market reform [120] . A Clean Growth Strategy was set out as well as a Modern Industrial Strategy [121, 122] , which integrates a green growth perspective considered to be necessary to achieve economic and environmental goals and investment in low-carbon transformation. One of the five electric vehicles driven in Europe is made in the UK and more than 430,000 jobs were created in low-carbon business [122] . Belgium is committed to decarbonise the economy, by reducing the use of fossil fuels and increasing the use of renewable energy. In 2016 the nuclear energy accounted for around half of Belgium's electricity generation [123] .
Conclusions
The present paper provides a study of the EKC model, by replacing the log GDP per capita with economic complexity. As discussed, the presence of ECI power renders the usage of methods developed for linear cointegration problematic. We used therefore a cointegrating panel regression [70, 71] , which was estimated through heterogeneous panel techniques. The quadratic dependence between CO 2 emissions, economic complexity and energy intensity is identified in a panel of 25 EU countries. The analysis of individual countries revealed that for only six EU economies the EKC hypothesis based on cointegrating panel regression incorporating ECI is validated.
The main findings of the paper are the following. The long-run dependency between economic complexity and carbon emissions is illustrated as an inverted U-shaped curve, similarly to the EKC for income, and this is the novel contribution of the paper to the existing literature of EKC hypothesis. In a first period of economic complexity advance, the carbon emissions increase due to the extension of resources and activities embedded in more complex and sophisticated products. In a second stage, when the efficiency in diversifying exported products increases, the raise of economic complexity does not lead to higher carbon emissions. Moreover, it may induce a decrease of pollution, due to the less pollutant technologies embedded in the more complex and sophisticated products. In this stage, a higher economic complexity can suppress the level of carbon emissions. The cointegrating polynomial regression model including economic complexity index and energy intensity is validated within the panel of 25 EU countries. The energy intensity remains a main determinant of pollution: a rise of 10% can lead to an increase of 3.72-3.93% of carbon emissions. The cointegrating polynomial regression coefficients are also validated in ten countries (Belgium, Greece, Italy, Hungary, Spain, France, Slovenia, Finland, Sweden and the United Kingdom). Furthermore, when the variable "energy intensity" is removed from the regression, in a first stage, the coefficients of regressors are statistically validated in the ten countries, but finally, the validation of cointegrating polynomial regression is obtained for only six of them (Belgium, Italy, France, Finland, Sweden and the United Kingdom). The graphical representation of the EKC curve with economic complexity as explanatory variable in these countries is provided.
Taken into consideration that the advance of economic complexity is accompanied by higher energy demand and energy intensity in manufacture and industrial sectors, the paper's results are validated by the studies of and Wang et al., 2019 [39] and Li et al., 2019 [40] , demonstrating that the manufacturing and industrial structure rationalisation and upgrading can help to curb CO 2 emissions. As Cheong et al. (2018) [124] underlined, energy saving policy interventions may reduce energy intensity and improve energy efficiency in economy. In addition, the promotion of green investments in economy could not just introduce new sophisticated products on the market and contribute to the advance of economic complexity, but also reduces the share of pollutant technologies, as suggested by Liao and Shi (2018) [42] . Furthermore, promoting green lifestyles and green consumption behaviours in the population, as well as social awareness regarding environmental degradation, may not just lower emissions [125] , but also to increase the demand for more complex green products.
The paper's results have also general policy implications, as follows. Firstly, in the general frame of the EU energy policy, the examined countries had already set out national commitments related to carbon emission reduction (i.e., The Energy Road Map 2050 Initiative, European Strategic Energy Technologic Plan, 2030 EU Strategy) [126] [127] [128] [129] and others that are specific to economic complexity (i.e., Ecodesign Directive [130] ). The paper's results suggest that economic complexity (i.e., the energy demand corresponding to the structure of basket exports) must be taken into consideration. It is important to mention, for example, that if the energy requirements for a given export basket are unaffordable in terms of pollution, then the export structure has to be adapted (i.e., shifts on imports).
Secondly, without a coherent and realistic plan on carbon emissions abatement (under the EU low carbon strategy commitments) the EU countries cannot stem the advance of energy intensity in chemical and machinery and energy production sectors. Therefore, they must monitor the energy intensity and all policy options regarding regulatory and financial measures, such as: carbon tax, EU-STS mechanism, subsidies and incentives for investments in renewable and nuclear energy infrastructure, investments in clean energy technologies, implementation of the latest development in fields like CCS and CCUS, smart grids and green technologies. Moreover, there is a need to conceive and implement effective industrial low-carbon strategies, with realistic objectives related to boosting innovation in low-carbon technologies, business models and practice, actions to manage energy demand and supply, and enabling flexibility for systemic change in the economy, as Busch et al. (2018) [33] suggested, and following the example of the United Kingdom [121] of a well-grounded Industrial Strategy.
This paper intended to shed lights on understanding the ECI-carbon emissions relationship, indicating only a start on this process and the need for further research to overcome the limitations of this study (i.e., the short time span). Further developments are possible, not only for integrating the latest methodological findings related to EKC model, but also by using different data sets.
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